iriried applied
L sciences

Article

Attenuated Total Reflectance-Fourier Transform
Infrared Spectroscopy (ATR-FTIR) Coupled
with Chemometrics, to Control the Botanical
Authenticity and Quality of Cold-Pressed
Functional Oils Commercialized in Romania

1,% 2

Carmen Socaciu , Florinela Fetea 1, Floricuta Ranga 1 Andrea Bunea 2,
Francisc Dulf 31, Sonia Socaci 12 and Adela Pintea 4

1 Department of Food Science, Faculty of Food Science and Technology, University of Agricultural

Sciences and Veterinary Medicine Cluj-Napoca, 400372 Cluj-Napoca, Romania;
florinela.fetea@usamvcluj.ro (EE); floricutza_ro@yahoo.com (E.R.); sonia.socaci@usamvcluj.ro (S.S.)
Faculty of Animal Science and Biotechnology, University of Agricultural Sciences and Veterinary
Medicine Cluj-Napoca, 400372 Cluj-Napoca, Romania; andrea.bunea@usamvcluj.ro

Faculty of Agriculture, University of Agricultural Sciences and Veterinary Medicine Cluj-Napoca,

400372 Cluj-Napoca, Romania; francisc.dulf@usamvcluj.ro

Faculty of Veterinary Medicine, University of Agricultural Sciences and Veterinary Medicine Cluj-Napoca,
400372 Cluj-Napoca, Romania; apintea@usamvcluj.ro

Correspondence: carmen.socaciu@usamvcluj.ro

check for
Received: 19 November 2020; Accepted: 1 December 2020; Published: 4 December 2020 updates

Abstract: Attenuated total reflectance-Fourier transform infrared ppectroscopy (ATR-FTIR) proved
to be a reliable, rapid, and easy-to-use technique to evaluate vegetable oils quality and authenticity.
The spectral range of the middle infrared region (MIR) of FTIR spectra, from 4000 to 600 cm~!, has been
commonly used to fingerprint specific functional groups of lipids and their modified forms induced
by oxidation of thermal treatment. The applicability of FTIR-MIR spectroscopy in assessing oil
fingerprinting and quality parameters is crucially dependent on the chemometric methods, including
calibrations with authentic samples. We report here the evaluation of seven types of cold-pressed
functional oils (sunflower, pumpkin, hempseed, soybean, walnut, linseed, sea buckthorn) produced in
Romania, provided directly from small enterprises (as genuine, process-controlled authentic samples)
comparative to commercialized samples. Concomitantly, olive oils of similar claimed quality were
investigated. The ATR-FTIR-MIR data were complemented by UV-Vis spectral fingerprints and
multivariate analysis using Unscrambler X.10.4 and Metaboanalyst 4.0 software (e.g., PCA, PLSDA,
cluster analysis, heatmap, Random forest analysis) and ANOVA post-hoc analysis using Fischer’s
least significant difference. The integration of spectral and chemometric analysis proved to offer
valuable criteria for their botanical group recognition, individual authenticity, and quality, easy to be
applied for large cohorts of commercialized oils.

Keywords: Fourier Transform Infrared Spectroscopy; edible oils; authenticity; chemometrics;
recognition biomarkers

1. Introduction

Vegetable oils are essential food components of high nutritional value and major agrofood
commodities subjected to adulteration. Consumers and food producers are concerned about their
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quality and safety influenced by multiple environmental and technological factors (oxidation, higher
levels of trans fatty acids) and adulteration before commercialization.

Authenticity is a very important quality criterion for edible oils, considering the significant
differences of composition, safety, and price between the cold-pressed (extra virgin, virgin)
and refined ones, as well as possible mislabeling of commercial products.

Over the past few decades, Fourier transform infrared (FTIR) spectroscopy had provided a
reliable analytical tool in the fat and oil industries and become an attractive alternative to traditional
methods, being a rapid and easy-to-use technique to evaluate qualitatively or even quantitatively
the oils’ edibility, their intrinsic quality parameters, safety, as well as authenticity, traceability and
adulteration [1-7]. Moreover, the determination of edible oil authenticity, compared with the more
accurate but time-consuming, laborious, and expensive chromatography-based method is advantageous
as a more rapid and cheaper solution. Considering the advantages of being non-destructive,
cost effective and environmentally friendly, using small amounts of liquid samples and simple
preparation procedures [3], FTIR spectroscopy was found to be superior for the discrimination and
classification of edible oil comparing to FT-Raman and FT-NIR [8].

The spectral range of the middle infrared region (MIR) of FTIR spectroscopy, from 4000 to 400 cm™?,
has been commonly used for the identification of organic groups, based on their characteristic,
fundamental vibrations as well as for the quantitative evaluation of components if adequate
calibrations were complemented [9]. The FTIR-MIR spectroscopy with attenuated total reflectance
(ATR) or transmission cell accessories has been used to authenticate, identify or classify fats and
oils [10-13], the ATR accessory being a better choice due to its ability to handle easily liquid samples,
requiring minimum preparation. It is also an excellent tool for quantitative analysis, because the
intensities of the spectral bands are proportional to concentration. It is useful to distinguish oils
from different botanical origins using specific wavenumber domains coupled with non-supervised
classification techniques [11,14]. FTIR-ATR spectrometry has been used mainly for (extra) virgin olive
oils to distinguish from different genetic varieties [13] and geographical origins [15,16], meanwhile,
the scientific interest for other functional oils showing health benefits is increasing.

The applicability of FTIR-MIR spectroscopy in assessing oils fingerprinting and quality parameters
is crucially dependent on the chemometric methods, including calibrations with large and representative
sample numbers. The chemometric strategies and methods for spectroscopy-based food authentication
have been reviewed [17,18]. The common chemometric qualitative and classification non-supervised
approaches include principal component analysis (PCA), cluster analysis (CA), or soft independent
modeling of class analogy (SIMCA), while the supervised methods include partial least squares (PLS)
with discriminant Analysis (PLSDA), linear discriminating analysis (LDA) and principal component
regression (PCR) [19-21]. The chemometric algorithm used in PCA and PLS has been extensively used
to obtain different quality parameters of edible oils [16,22,23] and applied to the evaluation of fatty
acids composition and other quality parameters of virgin olive oil [4,24].

The Random forest algorithm has been applied as a one-class classifier in FTIR spectroscopy for food
adulteration and showed superior performance comparing to PLS-DA and SIMCA, for classification
and authentication in chemometrics [25]. The web-based software MetaboAnalyst 4.0 (https://www.
metaboanalyst.ca/) is a complex processing tool which accepts a variety of input data (from NMR and
MS to FTIR peak lists) and offers a number of chemometric options for data processing, from univariate
(ANOVA t-test) to multivariate statistical analysis, PCA, PLS-DA, CA, heatmaps, Random forest and a
number of more sophisticated statistical or machine learning methods [26].

Different reviews [5,27] and experimental data have been reported, about the FTIR spectroscopy
applied for the characterization of edible (especially olive) oil quality [10,26,28,29], as well as for
the freshness evaluation [24] and detection of adulteration [4,12,30-32]. A large majority of data
refer to olive oil adulteration with low cost edible oils [28,33,34] or to assess oil oxidation [6,34,35].
Fewer references are related to specialty, functional oils which have beneficial impacts on health and
cardiovascular or other disease prevention. To mention, some articles reported the FTIR fingerprint
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of walnut, linseed and soybean oils, pumpkin [36-39], hempseed oils [40] or sea buckthorn oils [41].
The grapeseed, nigella seed neem oils, as well as wheat germ, sesame oils or flaxseed, coconut and
rosehip oils which exhibit pleasant flavor and health benefits are often counterfeited and adulterated
with other low-cost oils, drawing wide attention [36,38,42-46].

The evaluation of different liquid foods (beverages, fruit juices) as well as edible oils,
using ATR-FTIR fingerprinting, represented our previous interests and former investigations using
complementary techniques, such as UV-Vis spectrometry, ATR-FTIR-MIR spectrometry, liquid
chromatography coupled with diode-array or mass spectrometry (MS) detection MS detection,
or gas-chromatography coupled with MS [2,37,41,47-50].

We report here the evaluation of seven types of cold-pressed functional oils produced in Romania,
provided directly from small enterprise manufacturers (as genuine, process-controlled authentic
samples) and comparatively from similar oil types (including also olive oils), as commercial samples
labeled as “cold-pressed” or extra-virgin.

We applied UV-Vis spectrometry and ATR-FTIR-MIR spectroscopy, to identify the specific
fingerprints of oils from different botanical origins and related to their quality, compared to commercial
oils of the same botanical origin, possibly mislabeled or adulterated. The FTIR data were analyzed by
chemometrics successively using Unscrambler X.10.4 and Metaboanalyst 4.0 software. Finally, we were
able to consider the most relevant biomarkers, to classify and discriminate the eight oil types based on
their botanical origin, authenticity, and quality.

2. Materials and Methods

2.1. Oil Samples

Eight groups, including 30 edible oils were used in this study. From each group, one sample was
confirmed to be “authentic” and process-controlled, provided from trusted manufacturers. The other
samples were commercial, labeled as “extra virgin” or “cold-pressed” and purchased from retailers.
All oils (excepting olive oils) were produced in Romania and had different brand names (abbreviated
in this study). Table 1 contains data about their botanical origin, the declared/labeled quality grade,
the brand abbreviation and codes which were used in classification studies. The last column shows the
authentic samples where the production and quality control were carefully supervised.

Table 1. The botanical origin, the declared/labeled quality grade, the brand abbreviation and codes
which were used in classification studies.

Botanical Origin/Group no Commercial Samples Authentic Samples
: Declared/Labeled Quality/Brand ! (Sample Code) Brand (Sample Code)

Sunflower (I) Cold-pressed/V (SFO1), S (SFO2), C(SFO3) LS (SFO4)
Pumpkin (II) Cold-pressed/S (PO1), V (PO2), C (PO3) LS (PO4)

Linseed (IIT) Cold-pressed/V (LSO1), C (LSO2), LS (LSO3)

Hempseed (IV) Cold-pressed/V (HO1), C (HO2), GreeN (HO3) LS (HO4)
Soybean (V) Cold-pressed/C (SO2), E (SO3) V (SO1)

Walnut (VI) Cold-pressed/s (WO1) V (WO2), C (WO3), LS (WO4)

Sea buckthorn (VII) Cold-pressed/V (SBO2), Lm (SBO3 and SBO4) C (SBO1)

Olive (VIIT) Extra virgin Italy (EVOOL1), virgin Spain (EVOO2), Extra ~
virgin oil Greece (EVOO3), virgin Greece (EVOO4)

1 The brand names are abbreviated as follows: V, S, C, E, LS, GreeN or mentioned as local manufacturer (Lm).

2.2. UV-Vis Spectrometry

A volume of approx. 10 mL from each oil was mixed with 10 mL hexane, vortexed for 3 min,
centrifuged, and filtered through 0.25 microns membrane. Appropriate dilutions were made depending
on the absorption peak intensities, measured with a Jasco V 530 double beam spectrometer. The UV-Vis
spectra were recorded in the regions 200-360 nm and 400-700 nm, the maximum absorption wavelengths
being recorded.
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2.3. ATR-FTIR Analysis

The Fourier Transform Middle Infrared spectra (FI-MIR) with attenuated transmission (ATR) were
recorded using a Prestige-21 FTIR spectrophotometer (Shimadzu, Japan) with a resolution of 4 cm™! at
32 scans and an internal reflection accessory. A small quantity of the oil samples (approx. 8 microliters)
was deposited directly on the diamond ATR crystal plate which was carefully cleaned with pure
chloroform to eliminate the presence of oil residues between measurements and dried using nitrogen
gas after each experiment to ensure a clean crystal surface and to obtain the best possible sample
spectra. The collection time for each sample spectrum was approximately 2 min. Duplicated spectra
were recorded for all oil samples, scanned in the absorbance mode from 3600 to 650 cm™!. After every
scan, the spectra were subtracted against background air spectrum. The spectra were recorded
in absorption mode at each data point. Considering previous references [33,42] the most relevant
FTIR spectroscopic wavenumber regions to identify and authenticate vegetable oils were considered,
as presented in Table 2.

Table 2. FTIR wavenumber regions of vegetable oils, correlated with the mode of vibration for specific
functional groups, considered as predictor variables for statistical data processing [6,33,42].

Range (cm™1) Functional Group Mode of Vibration
3029-2989 =C-H (trans and cis) Stretching
2946-2782 -C-H (CHj3, CH,) Stretching (asym/sym)
1795-1677 -C=0 (ester, acid) Stretching
1486-1425 -C-H (CH3, CH,) Bending
1425-1409 =C-H (cis) Bending (rocking)
1396-1371 -C-H (CH3) Bending
1290-1211 -C-0; -CH,- Stretching; Bending
1211-1147 -C-0; -CH,- Stretching; Bending
1147-1006 -C-O Stretching

1006-885 -HC=CH- (trans/cis) Bending (out of plane)
885-802 =CH, Wagging
802-701 -C-H; -HC=CH- (cis) Bending (out of plane)

From each FTIR spectrum, the raw matrix My representing the peak intensities as a function of
wavenumber for the whole domain was used for untargeted statistical analysis. After a preliminary
selection of the main peaks or sub-domains seen in the raw spectra, a new matrix M representing
mean intensities as a function of wavenumber for each sample was built, for a semi-targeted
chemometric analysis.

2.4. Chemometrics

The raw data matrix (Mp) representing the absorption intensities at each wavenumber from
the whole region (3600 to 700 cm™!) were statistically processed using the Unscrambler X10.4
software (Camo, Norway). The multivariate unsupervised analysis principal component analysis
(PCA) was applied first as a preliminary evaluation of the sample classification. In a second step,
a semi-targeted statistical analysis was applied on matrix M, using the web-based software for
metabolomics, Metaboanalyst 4.0 (https://www.metaboanalyst.ca/). This multivariate analysis included
the PCA, PLSDA, CA, correlation matrices including heatmap, Random forest analysis and ANOVA
post-hoc analysis using Fischer’s least significant difference (LSD).

3. Results

3.1. UV-VIS Spectra Fingerprints Related to Botanical Origin

The UV-Vis absorption spectra as a first indicator of oils’ group fingerprint are presented in Figure 1.
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Figure 1. Typical spectral fingerprints of six authentic oils absorbing in the Vis region (360-700 nm):
(a)—Pumpkin oil; (b)—Hempseed oil; (c)—Linseed oil; (d)—Soybean oil; (e)—Sea buckthorn oil;
(f)—Olive oil.

The individual UV-Vis absorption spectra showed specific criteria of recognition based on the
spectra shape and absorption maxima. The SFO and WO oils (group I and VI) had specific absorptions
in the UV region (220-280, 325 nm) and 220-280 nm, respectively, with no relevant absorptions
in the Vis region. The PO group II was recognized by intense peaks at 526, 568, 590 and 620 nm,
indicating their carotenoid, acylated anthocyanin and chlorophyll content, respectively. The spectra
of LSO and SO oils (group III and V) were similar, with maxima at 448 and 443 nm, respectively.
Hempseed (HO, group IV) and olive oils (EVOO, group VIII) were characterized by high absorption
intensities at 668 nm (indicator of chlorophylls). The sea buckthorn (SBO) oils group VII had a unique
fingerprint with maxima at 447/470 nm (due to high carotenoid content) and a lower intensity at
668 nm (chlorophylls). These spectra and the peak intensities can be considered as preliminary, useful,
informative criteria for the recognition of the botanical origin of these oil groups.

3.2. ATR-FTIR-MIR Spectra Fingerprints

Edible oils contain mainly triacylglycerols, including three long chain fatty acids attached via
ester links. The IR regions of 2956-2853, 1740 cm™! are attributed to the fatty acid chain length and the
absorption of free fatty acids (FFAs) occurring within the range of 1720~1700 cm™~!, which is used to
estimate the hydrolysis of triglycerides to FFAs [22]. At higher wave numbers (3535 cm™!), but also at
approx. 723 cm~!, the increased absorption intensity indicates the oxidation to alcohols or secondary
oxidized products [6,8].

The fingerprint region from 1500-900 cm™! is generally used to identify their authenticity:
the out-of-plane bending vibrations of isolated trans double bonds ranges between 967-969 cm™!,
while those of cis double bonds occur at approximately 914 cm™!. The degree of unsaturation of
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oils can be detected through characteristics of cis and trans peaks at 3006 and 968 cm™!, respectively,
while a second band at 975 cm™!, is associated also to secondary oxidation products (aldehydes and
ketones with trans-double bonds). The ratio of absorptions at 3006/2925 cm™~! was used to evaluate the
extra virgin olive oil (EVOO) adulteration [51]. Fresh oils show a weak band at 1645 cm™!, which is
associated with stretching vibrations of C=C cis-olefins, which decreases after oxidation, concomitant
with the appearance of a new band at 1627 cm™! due to the presence of unsaturated aldehydes and
ketones. Concomitantly, an increase in absorption at 1746 cm™! is associated with the carboxyl group
of FFAs and with a new peak at 1721 cm™~!, associated with the carbonyl group of aldehydes [52].
The ATR-FTIR-MIR spectra specific to each oil from each group (I to VIII) were recorded on the
whole domain (650-3600 cm~!) as well as in the fingerprint region (1800-650 cm™). Figure 2 represents
comparatively the spectra registered for sea buckthorn oils (SBO1-SB4) at both regions). Figure S1
(Supplementary Materials) shows comparatively, for all oils, the spectra corresponding to the fingerprint
region (1800-650 cm™1), which is considered more relevant for the authenticity confirmation [51].
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Figure 2. Comparative ATR-FTIR spectra for sea buckthorn (SBO) oils (SBO1-5BO4) in the whole region
(3600-650 cm™1) (a) and in the fingerprint region (1800-650 cm™b) (b).

The dominant peak in the spectra of all eight oil groups were located at 1743 cm™!, corresponding
to C=0 stretching of fatty acids and esters (whose absorption intensity was normalized at value 1)
followed by peaks which were allocated to 19 different subdomains, as presented in Table 3. The most
intense peaks (considering the mean intensity values) were located at 2922-2924 cm~!, 1159-1161 cm~!,
2852 cm™!, 719-721 cm™!, 1097 cm™!, 1234-1236 cm™~! and 1460-1462 cm~!. Significant differences

between peak intensities were noticed at 2925 and at 2854 cm ™!

, corresponding to antisymmetric and
symmetric stretching vibration of methylene and methyl groups, while the band at 723 cm™ was
assigned to both CH, rocking and bending vibrations of cis-disubstituted olefins. Specific absorption
intensities were noticed at 3008-3009 cm ™!, especially in hempseed oils, corresponding to the stretching
vibration of olefinic double bonds and explained by its highest degree of unsaturation.

In the fingerprint region, the stretching vibrations of aliphatic and olefinic functional groups
were observed. The triglyceride absorption peaks, as major components of edible oils were dominant,
with absorptions 2922-2924 cm~! (C-H asymmetric stretching), 2852 cm™~! (C-H symmetric stretching),
1454 cm™! (C-H bending (scissoring), 1166 cm™! (C-O stretching and C-H bending), and 719-721,
790 cm™! (C-H and -HC=CH- bending) in agreement with different literature data [6,31,40,53].
The chemometric techniques, such as PCA and PLS, using Unscrambler were adopted to systematically
classify these edible oils based on their FTIR spectra. Classification of edible oils and fats was performed
by discriminant analysis using the FTIR spectra between 700~1800 cm~! and between 700 and 3600 cm ™,
respectively. The fingerprint region, and especially the subdomains between 1400 and 1800 cm~!,
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mostly represents the combination of C-H bending and stretching, and hence is directly related to

unsaturated C bonds.

Table 3. The main FT-MIR absorption wavenumbers and regions identified in ATR-FTIR spectra: mean

peak intensity values, RMS, ANOVA p-value, log 10(p), FDR (false discovery rate) and prediction values

according to Random forest mean discriminatory accuracy (MDA) values of all samples.

Wavenumber  Region no. l\;lrelta:nls);;k RMS 1;}:]21::1: Log 10(p) FDR Randl\(/)[glliorest

719-721 1 0.461 0.463 4.01x1078 7.396 6.93 x 1078 0.0439
790 2 0.010 0.03 3.61x 1072 28.443 22910728 0.0103
846 3 0.067 0.086 2.14 x 10710 9.669 4.07 x 10710 0.0253
866-871 4 0.024 0.052 1.01 x 10736 35.997 1.91 x 10735 0.0289
912-914 5 0.143 0.144 6.74 x 1074 3.171 8x 1074 0.0173
964-968 6 0.163 0.163 221 x 1076 5.655 3.50 x 1076 0.0177
1026-1031 7 0.247 0.267 5.31 x 10726 25.275 252 %1075 0.0292
1097 8 0.428 0.428 1391 x 1074 2.857 16 x 1074 0.006
1118-1120 9 0.142 0.233 5.16 x 10736 35.288 4.90 x 10735 0.0439
1159-1161 10 0.729 0.729 3.34%x 107 4476 454 %1075 0.027
1234-1236 11 0.337 0.337 >0.005 <2 >0.005 <0.001
1375 12 0.197 0.197 18.25 x 1074 2.739 23x 1074 0.0013
1396 13 0.070 0.096 2.84 x 10722 21.547 1.08 x 10721 0.047
1417-1419 14 0.144 0.144 >0.005 <2 >0.005 <0.001
1460-1462 15 0.336 0.336 3.72 x 1076 5.429 5.44 x 107° 0.0096
1651-1653 16 0.045 0.049 3.71 x 10712 11.431 1.18 x 1071 0.0292
2852 17 0.543 0.546 1.62 x 1071 10.791 440 x 1071 0.0692
2922-2924 18 0.782 0.786 2.36 x 10711 10.628 5.59 x 10711 0.0554
3007-3008 19 0.130 0.133 4.82x10™11 10.317 1.02 x 10710 0.0759

3.3. Classification of Oils by Unsupervised PCA

From the whole spectra (3600-700 cm™') and for the fingerprint region (1800-700 cm~'), the PCA
scores for all oil classifications are shown in Figure 3. Using Unscrambler X10.4 software, the first few
PCs described most of the observed variance, showing distinct segregation and clustering between the
eight groups of oil. Firstly, for the fingerprint region, an explained variance of 76% (PC1) and 20%
(PC2) covered the total variance of 96% (Figure 3). For the whole domain (3600-700 cm ™) the first 2
PCs had an explained variance of 71% (PC1) and 21% (PC2) covering a total variance of 92% and no
significant overlapping of samples (data not shown)
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Figure 3. PCA scores for the oils’ classification using Unscrambler software. Classification based on

the peak region 1800-700 cm™!.
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Generally, a good discrimination between oil groups was observed and were very similar in both
plots. Meanwhile it was possible to identify the individual oils which showed different locations
in the plot, against the authentic, genuine samples. Specifically, the position of the SBO2 sample
comparing with the authentic sample SBO1, WO1 location comparative to the WO4, LSO1 comparative
to LSO3, HO2 comparative to HO4, PO1 comparative to PO4. Meanwhile, for the olive oils, two groups
were separated: EVOOL1 and 3, the extra virgin ones versus EVOO2 and 4, the virgin labeled oils
(in this case no authentic oils could be provided). Only for SFO and SO oils was the grouping compact
and close to the authentic samples (SF4 and SO1, respectively).

3.4. Peak-Intensity Matrices and Calculation of the Unsaturation Index

Based on the FTIR spectra, from the initial matrix My the individual wavenumbers and their
corresponding peak intensities were extracted. There were 19 regions identified having specific
wavenumber values for each individual oil, creating a second matrix (M). The statistics data applied
on the M matrix using Unscrambler software and by comparison, the Metaboanalyst software are
presented in Table 3. For each of the 19 regions, the mean peak intensity, root mean square (RMS),
ANOVA p values and log 10(p), and FDR and Random forest MDA (mean discriminatory accuracy)
respectively, are presented.

These data reflect in a semi-quantitative way which can be the most significant relevant regions
for a good discrimination between the oil groups. The p-value and log 10(p) showed that regions 2, 4, 7,
9, and 13 (bolded) had significant higher values comparatively to regions 16-19, and the less significant
ones were regions 5, 8, 10-12, 14, and 15. These data were in good agreement with FDR values and
Random forest MDA values.

Meanwhile, the matrix M was used to calculate the unsaturation index (UI), based on the ratio
of peak intensities between 2853/3005 cm™! for each oil group (I to VIII) and for each individual oil.
The unsaturation index mean values and standard deviations expressed per oil groups and for
individual oils are presented in Figure 4 (upside and downside, respectively).

Unsaturation index ( mean + SD)
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Figure 4. Mean (upside) and individual (downside) values of the unsaturation index, reflecting
the features of the 8 groups of oils, as well as the similarities among oils. SFO—Sunflower oil;
PO—Pumpkin oil; LO—Linseed oil; HO—Hempseed oil; SO—Soybean o0il; WO—Walnut oil; SBO—Sea
buckthorn oil; EOO—Olive oil.
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Significant higher values of UI (between 6 and 7) were obtained for group VII and VIII (buckthorn
and olive oils), group I and II (sunflower and pumpkin oils) showed values of 4—4.8, and groups
III-VI had lowest values of 2.8 to 3.4. Looking to individual UI values, the main differences were
confirmed between groups VII-VIII against groups I-II and groups III-VI. Inside some groups there
were samples identified which showed deviations from the group values, e.g., sample SBO2 and EOO1
in groups VII-VIIL To conclude, the Ul values can be considered good indicators of the general oil
quality and may be used as a preliminary evaluation of group authenticity, of course if correlated with
other criteria.

3.5. Multivariate Analysis Based on Metaboanalyst 4.0

Using Metaboanalyst algorithms on the matrix M, the PCA analysis (scores and loadings)
was performed again (see Figure 5), as well as the PLSDA score plot coupled with the dendrogram
derived from cluster analysis (Figure 6).
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Figure 5. Graphics of PCA analysis: scores (left) and loadings (right) plots for the 8 groups of oils
(I'to VIII). For the group individual affiliation and abbreviations see Table 1.
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Figure 6. Partial least squares with discriminant analysis (PLSDA) score plot and dendrogram cluster
analysis for the 8 groups of oils (I to VIII). For the group individual affiliation and abbreviations see Table 1.
(a) Partial least squares with discriminant analysis (PLSDA) score plot (b) and dendrogram cluster
analysis for the 8 groups of oils (I to VIII)
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The scores plot shows a good discrimination and classification of oil groups as well as similarities
between some groups, such as VII-VIII (see buckthorn and olive oils), I-1I-V (sun flower, pumpkin and
soybean oils), IV-VI (hempseed and walnut oils) and separately group III (linseed oils). The explained
variance was 49% (PC1) and 24% (PC2), covered by a total variance of 73% (Figure 5 left). According to
the loadings plot (Figure 5, right) the wavenumbers which may explain this classification are located
in 2 main domains, one including the wavenumbers 719, 790, 866, 1118, 1396, 1651, and 3007 cm™1)
and the other including the wavenumbers 846, 1026, 2852, and 2922 cm™~Ll. These data are in good
agreement with the statistical values mentioned in Table 3.

The PLSDA scores plot showed even a better discrimination between the oils groups I to VIII,
with a similar variance of 47.4% (PC1) and 12.2% (PC2) covering a total variance of 59.6% (Figure 6a).

The oil groups VII and VIII (sea buckthorn and olive oils) were better discriminated, the group
I-II-V (sunflower, pumpkin and soybean oils) were split, the soybean group being better differentiated.
The groups IV and VI (hempseed and walnut oils) remained non differentiated while group III
(linseed oils) remained singular. The dendrogram (Figure 6b) shows good and significant clustering
between groups VII and VIII, groups I, II and V, and groups IV and VI, exempting one sample of
pumpkin oil (PO1) and one sample of hemp oil (HO2). All these data confirm the initial statistical
related to the discrepancy of some samples against the authentic ones.

3.6. ANOVA Univariate Analysis and Post-Hoc Analysis by Fischer’s Least Significant Difference (LSD)

Based on the same M matrix, using a cutoff p value < 0.001 and FDR cutoff value of 0.005
(see Table 3), the ANOVA univariate analysis using Random forest algorithm and post-hoc analysis by
Fischer’s least significant difference (LSD) were performed. It was possible to rank the most significant
wavenumbers which may be considered as predictive biomarkers for a good discrimination among
the eight groups of oils. Figure 7 shows the ranking of the first MDA values, useful to identify the
significant wavenumbers which may predict the identity and authenticity of these oils. In the left side
of the figure, one can see 3007, 2852, 2922, 1396, 717, 1118, 1026, 1651, and 866 cm~1 to be the highest
ranked wavenumbers.
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Figure 7. ANOVA Univariate analysis using Random forest algorithm and post-hoc analysis by
Fischer’s least significant difference (LSD) to predict the discrimination between the 8 groups based on
specific FTIR-MIR wavenumbers and absorption intensity.

According to the ranking of MDA values presented in Figure 5 (left), one can identify the
wavenumbers which may be considered for the most accurate prognosis of oils recognition and
discrimination. The most prominent wavenumber was 3007 cm~' where the normalized peak
intensities are significantly different and discriminate four groups of oils (I+11, II+IV, V+VIand VII + VIII)
(Figure 5 right). Then, in a decreasing order, the wavenumbers of 2852 and 2922 cm™! are good
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predictors of discrimination. For more specific predictions of individual groups, the high intensity
at 1118 cm™! is appropriate to identify groups I and II, 866 and 790 cm~! for group III, 866 cm~! for
group V, and 1026 cm™! for groups VII and VIIIL These data showed the improved discrimination and
prediction capacity of the Random forest algorithm to identify and classify the oils’ type.

3.7. Correlation Matrices and Heatmaps

A more intuitive illustration of the correlations between the oil samples and variables
(wavenumbers) was also realized using the Metaboanalyst software The correlation matrices between
variables, and between samples (data not shown) were represented graphically and then integrated in
the heatmap (correlations between the samples and variables), as presented in Figure 8.
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Figure 8. Heatmap showing correlations between samples and variables.

The heatmap reflect, in an intuitive manner, the positive (reddish colored) correlations between
individual samples and their specific wavenumbers to be recognized, as well as the negative
relationships illustrated by blue colored spots. In addition, the clustering of the samples is included in
the upper part of the matrix.

This illustration is a fast-qualitative evaluation of similarities between the samples from one
group and differentiations between the samples and groups in relation to their specific wavenumbers,
very useful to confirm their authenticity or adulteration. In such a way, we confirmed that for
sunflower oils, the sample SFO1 and SFO2 are qualitatively different from the authentic one SFO4,
the same for PO group where sample PO1 is very different compared to the authentic PO4, the same
for HO2 comparatively to HO4 (authentic). The groups of SO, WO and LSO oils are more homogenous
and seem to all be authentic and of similar quality. Meanwhile for SBO oils, comparatively to the
genuine one (SBO1) we identified significant differences for sample SBO2 in its fingerprint, possibly
correlated with an adulteration with pumpkin oil (cheaper than sunflower oil and with similar color
due to high carotenoid content). The confirmation of this possible adulteration is under investigation
by LC-DAD analysis. Finally, for olive oils, a good discrimination is illustrated between the extra
virgin (EVOO1 and 3) and virgin oils (EVOO2 and 4). Once again, we consider that Metaboanalyst 4.0,
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the integrated software adopted for FTIR analysis, proved to be very useful to perform adequate
interpretation of analytical data and to accurately reflect the biological significance of the results.

4. Discussion

Considering the main hypothesis of this study and the previous studies directed towards the
authentication of functional oils, highly considered by consumers for their health promoting effects,
complementary investigation of eight groups of cold pressed oils was achieved. Comparatively to
controlled samples labeled as authentic, different commercialized variants were characterized by
UV-Vis spectrometry and ATR-FTIR-MIR spectrometry.

The specific recognition groups of the genuine samples were identified, assumed to have the
“high-quality” card, as well as the quality of commercial oils of the same botanical origin, which may
be mislabeled or adulterated. The complex FTIR spectra were analyzed by chemometrics using
successively Unscrambler X.10.4 and Metaboanalyst 4.0 software.

The unsupervised PCA combined with PLSDA, cluster analysis, heatmap, Random forest analysis
and ANOVA post-hoc analysis using Fischer’s least significant difference were able to significantly
discriminate the botanical groups of oils as well as the differences between individual samples.
By integration of the most relevant UV-Vis absorption wavelengths and FTIR absorption fingerprints,
considering the main relevant data presented above, we are proposing an intuitive, simplified table,
useful for practical reasons, to identify the origin and authenticity and/or quality of commercial edible
oils (Table 4).

Table 4. Criteria of recognition for eight types of functional oils, based on their botanical origin: maximal
absorption peaks in the UV-Vis spectra and the ATR-FTIR-MIR wave numbers. For abbreviations,

see Table 1.
Oil Type WO SFO SO LSO SBO PO EVOO HO
Maximal
UV-Vis (nm) 220-280 220-280 443 448 447-470 526-590 668 668
. 325 668 620
Absorption peaks
3007 3007 3007
2852, 2922 2852, 2922
1651
Maximal peak 1396 1375 and 1460
ATR-FTIR-MIR 1159
Wavenumbers 1118 1118
(em™) 1026 1026
1097
846 846 and 866 964 912 964 846
790 719 719

Complementary studies were conducted, for the same samples, in order to compare the
performance of this method with the accurate liquid-chromatography and gas-chromatography
analysis coupled with mass spectrometry, focused on specific groups of phytochemicals from these oils.
Such data fusion from advanced chromatography and FTIR spectrometry will considerably improve
the accuracy and reliability of edible oil characterization and identification.

5. Conclusions

FTIR spectroscopy is a well-established analytical technique for rapid, high-throughput,
nondestructive analysis of a wide range of edible oil types, able to detect botanical origin and/or
adulteration. Combined with UV-Vis molecular spectroscopy and adequate statistical processing,
the potential of FTIR analysis processing complex multispectral information can bring added value
knowledge by discrimination, classification, and identification of biomarkers with biological relevance.
The results of current investigations presented in this study demonstrated that a succession of
chemometric models such as PLS-DA, cluster analysis, and Random forest models had a high
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predictive ability to detect the oils botanical origin as well as to identify quality differences between
individual samples from the same phenotype.

Supplementary Materials: The following are available online at http://www.mdpi.com/2076-3417/10/23/8695/
s1, Figure S1: ATR-FTIR-MIR spectra of the eight authentic group oils considering the fingerprint region

(1800-650 cm™1). For abbreviations see Table 1.
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